Factors affecting the adoption of crop insurance, forward contracting, and spreading sales are analyzed using multivariate and multinomial probit approaches that account for simultaneous adoption and/or correlation among the three risk management adoption decisions. Our empirical results suggest that the decision to adopt crop insurance, forward contracting, and/or spreading sales are correlated. Richer insights can be drawn from our multivariate and multinomial probit analysis than from separate, single-equation probit estimation that assumes independence of adoption decisions. Some factors significantly affecting the adoption of the risk management tools analyzed are proportion of owned acres, off-farm income, education, age, and level of business risks.
risks. One exception is the study of Mishra and ElOsta, which analyzed the factors that determine the adoption of both hedging strategies and crop insurance. Knight et al. is another exception that examined the determinants of adopting crop insurance and forward contracting. However, the estimation procedures and analysis in these studies implicitly assume that the adoption decisions for the two risk management options considered are independent of each other, even though they conduct the analysis with the knowledge that these two risk management instruments can be utilized at the same time. In these two studies, two discrete choice models (e.g., logit models) were estimated separately to model the factors influencing hedging/forward contracting and crop insurance adoption decisions. By construction, this procedure ignores the potential relationship between the adoption decisions of the two risk management instruments. Ignoring the possibility of simultaneous utilization of these instruments and the potential relationship between the two adoption decisions may cause invalid inferences and incorrect conclusions to be made (Kiefer) .
The objective of this study is to examine the factors that influence producers' risk management adoption decisions while taking into account the possibility of simultaneous utilization of multiple risk reducing instruments and the potential correlations among these adoption decisions. In particular, we examine factors influencing farmers' use of the following risk management instruments: crop insurance, forward contracting, and spreading sales. Data from farmers in the states of Illinois, Indiana, and Iowa are used to support multivariate probit and multinomial probit models, to achieve the study objectives. The study results provide a better understanding of which farmer/farm characteristics influence the use of different risk management strategies. This information should be valuable to policy makers, government agencies (i.e., the Risk Management Agency, RMA), crop insurance companies, and extension agents/educators. For example, an awareness of which type of producer is more likely to adopt crop insurance would help insurance companies to better identify potential clientele. This information should also help extension educators target producers that need crop insurance or risk management education the most.
The remainder of this article proceeds as follows. The theoretical framework is presented in the next section. The estimation procedure, data used, and the empirical specification are then described. This is followed by a presentation and discussion of the empirical results. Conclusions are presented in the final section.
Conceptual Framework
In this article, we model the farmer's choice of agricultural risk management tools in an expected utility framework (Ke and Wang; Coble, Heifner, and Zuniga; Sherrick et al.) . This framework assumes that different farmers assess their end-of-period expected utilities for their own specific risk environments (i.e., production and marketing risks) and risk preferences. This approach further assumes that the presence of risk management tools fundamentally affects the net return distribution of each producer. The farmer then examines his or her net return distribution by considering the certainty equivalent for each risk management tool and calculating its associated reservation cost. The reservation cost is the amount that would make the farmer indifferent to the use of an agricultural risk management tool (i.e., for crop insurance, it is the reservation premium). The farmer then compares the reservation cost with the actual cost of adoption and adopts an agricultural risk management tool if the reservation cost is larger than the actual cost. This is equivalent to having a larger certainty equivalent net return with the risk management tool relative to without the risk management tool.
More formally, consider a producer making the decision of whether or not to adopt any, some, or all of the agricultural risk management tools, j, available to him or her ( j 5 1, . . . , m). This producer evaluates each of these m risk management tools by considering its effect on the returns distribution to a set of assets, A, used in production. These assets have a stochastic rate of returnr A , with mean r A , and variance s 2 A , reflecting overall business risks. Financial risk is introduced through the use of debt capital. Utilizing the accounting identity that assets are equal to debt plus equity (A 5 D 1 E) and assuming a fixed cost of debt, c D , the expected rate of return to equity ( r E ) and the variance of the return to equity (s
Using Equation (8), the producer will then decide to use a particular risk management tool if the difference between the reservation cost and the actual cost of using j is greater than zero ðĈ D > 0Þ; whereĈ
Þ. Note that the differenceĈ D is an unobserved latent variable, but the adoption decision (Y j ) is observable such that:
, where Y j 5 1 if the producer adopts the risk management tool j and Y j 5 0, otherwise.
The formulation in Equation (9) makes it empirically tractable to estimate the factors influencing the simultaneous utilization of risk management tools. In this regard, the expression in Equation (8) suggests that variables related to asset size (A), risk attitudes (r), leverage (A/E), as well as variables that determine how the risk management tool affects the mean and variance of the return to assets ðð r A,j À r A ) and ðs 2 A,j À s 2 A ÞÞ, all help determine the producer's reservation cost for j. Consequently, these factors directly affect the value of the unobserved latent variableĈ D and the decision of whether or not to utilize a particular risk management tool.
From a different perspective, the framework above also suggests that the farmer's decision to adopt a particular risk management tool depends on: (1) factors affecting the return distribution even without the use of risk management tools (i.e., asset size, leverage, and risk attitudes), and (2) the factors that determine the degree to which the return distribution is altered with the use of risk management tool j. Moreover, the framework above allows for simultaneous utilization of several risk management tools through its effect on ð r A,j À r A Þ and ðs
That is, the effect of a particular risk management tool, say j 5 1, on the mean and variance of the return distribution depends on whether or not the producer uses other available risk management tools j 5 2, . . . , n; and vice versa. This implicitly assumes that the decision to adopt one risk management tool is correlated with whether or not other risk management tools will be used. Hence, it may be important to take this into account when conducting an empirical analysis of factors affecting the adoption of several risk management tools.
Empirical Approach and Data

Estimation Procedures: Multivariate Probit Model
The conceptual framework above can be empirically implemented using a multivariate probit estimation procedure. This approach allows for the possible contemporaneous correlation in the decisions to adopt the three risk management tools we are considering: crop insurance, forward contracting, and spreading sales.
1 In line with Equations (8) and (9) above, a general multivariate probit model can be specified as follows:
where Y ij ( j 5 1,.., m) represent the risk management alternatives (in our case m 5 3) faced by the ith producer (i 5 1,..,n), 2 x 0 ij is a 1 Â k vector of observed variables that affect the risk management adoption decision (i.e., as discussed above, the observed variables related to A, r, etc.), b j is a k Â 1 vector of unknown parameters (to be estimated), and e ij is the unobserved error term. The model specified in Equation (10) can be empirically implemented using a series of independent probit or logit models for each risk management alternative j. However, as we noted above, it is possible to adopt risk management tools simultaneously and thus it is likely that these decisions are correlated. In this case, the unobserved error terms for the probit or logit models would not be independent. Ignoring this correlation in analyzing the simultaneous adoption of risk management tools 1 Note that multivariate probit estimation has already been used in a number of studies that evaluate factors that affect adoption of agricultural technologies (see Gillespie, Davis, and Rahelizatovo; FernandezCornejo, Hendricks, and Mishra) . For example, Gillespie, Davis, and Rahelizatovo use this approach to estimate factors that affect adoption of four breeding technologies in hog production. They argue that modeling adoption decisions using a multivariate probit framework ''allows for increased efficiency in estimation in the case of simultaneity of adoption.'' However, they admit the limitation of a multivariate probit procedure, relative to a multinomial probit model, that ''Such a model does not allow for the computation of the probability of adoption of more than one technology at a time . . . ''. At the same time, Gillespie, Davis, and Rahelizatovo eventually defend the use of a multivariate probit in their estimation since it ''does account for contemporaneous correlation and reduce bias'' and using the multinomial probit for analyzing three or more alternatives is computationally difficult (See Gillespie, Davis, and Rahelizatovo, pp. 38 and 39) . 2 In this specification, each Y j is a binary variable and, thus, Equation (10) is actually a system of m equations (m 5 3 in this case). may lead to biased estimates of the choice probabilities and incorrect estimates of the standard errors of the parameters (Kiefer) . Hence, in the multivariate probit approach to estimate the unknown parameters in Equation (10), the error terms (across j 5 1,.., m alternatives) are assumed to have multivariate normal distributions with mean vector equal to zero and a covariance matrix R with diagonal elements equal to one.
With the assumption of multivariate normality, the unknown parameters in Equation (10) can be estimated using maximum likelihood (ML) procedures. The probabilities that enter the likelihood function (as well as the derivatives needed for the ML procedure) are computed using the Geweke-HajivassiliouKeane (GHK) simulation procedure (see Geweke; Hajivassiliou; Keane) , which produces approximations to the m-fold multivariate normal integrals:
where r Á ð Þ is the m-variate normal density of x with mean vector equal to zero and m Â m positive definite covariance matrix W. The loglikelihood for the model is then calculated as the sum of the logs of the probabilities of the observed outcomes defined as:
where z is a vector defined from z m 5 b9 m x m , R is the correlation matrix, and T is a diagonal matrix with t mm 5 2y m À 1, and MVN refers to the density being multivariate normal (see Greene 2007) . In this study, pairwise correlation of the error terms associated with each risk management adoption decision is computed and its significance is tested.
Note that there are a number of different marginal effects that can be computed given the multivariate nature of the model (see Greene 2003) . The approach taken here is to first obtain the expected value of a positive adoption decision for a particular risk management tool (say, Y 1 5 1), conditional on all other risk management tools also being adopted (Y 2 , . . . ,Y m 5 1): Then, to get the marginal effects, the derivative of Equation (13) is taken with respect to the explanatory variables of interest:
where x is the union of all the regressors that appear in the model and g m is defined such that z m 5 x9g m 5 b9 m x m . Hence, the marginal effect in Equation (14) shows how an explanatory variable affects the probability of adopting the first risk management tool, conditional on the other tools being adopted. Standard errors for these marginal effects are obtained using the delta method and a bootstrapping procedure (see Greene 2007 for more details).
Estimation Procedures: Multinomial Probit Model
An alternative estimation approach to the multivariate probit model presented above is the multinomial probit procedure. 3 In a multinomial (rather than multivariate) probit model, 3 The multinomial probit has been recognized as an alternative to multivariate probit (and vice versa) in a number of previous agricultural economics studies. In the technology adoption literature (as discussed in footnote 1), Gillespie, Davis, and Rahelizatovo recognize that both approaches are equally valid and discussed the advantages/disadvantages of each. But they eventually decided to use the multivariate probit approach for their analysis (see Anton; Nhemachena and Hassan for studies that used similar arguments to defend the use of a multivariate probit approach). On the other hand, Seo and Mendelsohn (p. 7) suggests that both approaches to analyzing adoption decisions are ''theoretically sound'' and that it really depends on the particular context of the study on which one to use. Hence, there are studies that have used both approaches since each approach provides slightly different inferences that can be useful for further understanding the adoption decisions of interest (see Roucan-Kane and Keeney; Seo and Mendelsohn) . In this study, we opted to use the two approaches precisely because of this reason. the choice set is made up of all possible combinations of risk management tools instead of just the risk management alternatives by themselves. With three risk management alternatives in this study, we have eight possible combinations ( 2 3 ) that a producer can choose to adopt: (1) use no risk management tool considered in this study (i.e., the producer did not adopt any of the following: crop insurance, forward contracts, and spreading sales), (2) use crop insurance only, (3) use forward contracting only, (4) use spreading sales only, (5) use crop insurance and forward contracting, (6) use crop insurance and spreading sales, (7) use forward contracting and spreading sales, and (8) use all three risk management tools simultaneously. Given this choice set, a multinomial probit model can be specified as follows:
where Y i in this case represent the risk management tool combination (Y i 5 1, .., m) that the ith producer (i 5 1,.., n) chooses, 4 x9 i is a 1 Â k vector of observed variables that affect the risk management combination chosen, b is a k Â 1 vector of unknown parameters (to be estimated), and e i is the unobserved error term. The unobserved error term in this case is assumed to be multivariate normal with mean zero and variance-covariance matrix S. 5 A maximum likelihood (ML) procedure is used to estimate the unknown parameters in Equation (15).
Using the multinomial probit estimation procedure allows one to calculate the marginal effects of the explanatory variables with respect to the probability of adopting one of the risk management combinations discussed above. For example, one can calculate the marginal effect of a particular explanatory variable on the probability of adopting all three risk management tools (i.e., how does farm size, for example, affect the probability of adopting combination 8?). Note that this is different from the marginal effect calculated using the multivariate probit approach (see Equations (13) and (14)) where one calculates the marginal effect for one particular risk management tool, conditional on adoption of the other tools (i.e., how does farm size, for example, affect the probability of adopting crop insurance conditional on the producer also adopting forward contracting and spreading sales?). Hence, the marginal effects from the multinomial probit estimation provide additional information that can also be helpful to various stakeholders interested in risk management tool adoption (i.e., policymakers, crop insurance companies, RMA, extension educators).
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Data Description
The data used in this study are from a 2001 mail survey of corn and soybean farmers in Illinois, Iowa, and Indiana that was sent prior to the start of the planting season. This survey was structured to provide a relatively broad geographic base, a sizeable farm population, and a costeffective data collection approach. Three thousand farmers, each of whom operates at least 160 acres, were randomly chosen to receive the survey from a mailing list maintained by Progressive Farmer, a company that communicates extensively with farmers 4 The variable Y is coded from 1,..,m (where m 5 8 in our case), so that Equation (15) is only one equation to be estimated. In practice, only m -1 choices (instead of m) are included in the choice set (i.e., one choice serves as the ''base'' category) for identification purposes. This restriction is required because in practice only data on the actual choices are available so that identification comes from comparisons of utilities and not from levels of utilities (see Greene 2003) . Hence, interpretations of parameters and marginal effects are always relative to the ''base'' category. 5 The covariance structure (S) allows the multinomial probit to not have the independence of irrelevant alternatives (IIA) assumption, which is the limitation of another popular discrete multiple choice modelthe multinomial logit. 6 One reviewer pointed out that some stakeholders may be more interested in how explanatory variables affect the risk management tool combination chosen by producers, rather than how explanatory variables affect adoption of one particular risk management tool, conditional on the other tools being adopted. Using the multinomial probit approach allows us to easily calculate how different variables affect the probability of choosing a certain combination of risk management tools, which is the primary reason why we also use this estimation procedure in this study. through farm magazines, surveys, and personal interviews.
Survey development was aided by discussions with two focus groups of farmers, extensive pretesting, and input from USDA-ERS and Risk Management Agency (RMA) reviewers. Included in the survey were questions related to demographic and business information, risk management, risk attributes and perceptions, and other related information (a copy of the survey is available from the authors upon request). A total of 926 surveys were returned and 871 were considered sufficiently complete to be usable (that is an effective response rate of 29%).
Empirical Specification
As mentioned above, the three risk management adoption decisions that serve as the dependent variable for the multivariate probit estimation procedure are crop insurance, forward contracting, and spreading sales. These three risk management practices were chosen because they are the production and/or marketing risk management tools most frequently adopted by producers in our sample. Moreover, with these three risk management tools under consideration, eight possible combinations of these tools are used as the basis for the dependent variable in the multinomial probit estimation.
Consistent with the conceptual framework above, the independent variables (x i ) included in our empirical specification are observable factors related to asset size (A), risk attitudes ðrÞ, and/or leverage (A/E). Note that we do not explicitly observe how the risk management tools interact to affect the net return distribution (mean and variance) of the producer, which means that this factor would be subsumed in the error terms of the system of equations in the multivariate probit model. Importantly, we account for this unobserved interaction among the adoption decisions by allowing for simultaneous adoption and correlation of the error terms in the multivariate probit approach.
The factors related to asset size included in the empirical specification are proportion of total acres owned and total farm size. A larger proportion of owned acres is related to greater wealth, greater stability of land control, and a larger asset base. Consequently, a higher proportion of owned aces and/or greater farm size signals a larger capacity for bearing risk (i.e., it also affects risk attitudes r) and a lesser need for risk management instruments. Hence, we expect that owned acres is negatively related to risk management tool adoption. Larger farm size is also suggestive of a larger asset base from which to draw resources. A larger farm size necessarily reflects at least some degree of increased spatial dispersion, perhaps including multiple farm locations, that tends to reduce production risk. Larger operations also benefit from economies of scale and better managerial capacities that fundamentally affect asset base and risk attitudes. In light of these characteristics, the relationship between farm size and adoption of different risk management tools appears ambiguous (and depends on the particular tool).
A farmer's perception about his or her level of business risk is one variable that empirically represents risk attitudes. In particular, farmers' risk perceptions are measured by their perceived probability of receiving a multiperil or actual production history (APH) crop insurance indemnity payment at the 85% coverage level (for both corn and soybeans). A higher probability of receiving an APH payment reflects higher perceived business risks. Producers with higher business risks may have more incentives to adopt risk management tools. We also posit that socioeconomic and demographic factors, such as age, education, and off-farm income, signal differences in risk attitudes and are included in the empirical specification as well (Smith and Baquet; Sherrick et al.) . Previous studies have found mixed results in terms of the effect of age and education on risk management tool adoption (Mishra and El-Osta) . But, in general, it is typically hypothesized that producers with more experience and more education tend to adopt more sophisticated risk management tools. Experience and education are also perceived to contribute to more precise risk assessments and reflect differing risk attitudes (Sherrick et al.) . Off-farm income, on the other hand, represents a form of diversification that would have an impact on the risk attitudes of producers. Higher off-farm incomes may indicate a greater capacity to bear risks (i.e., because of stability of income, the possibility of ''self-insurance'') and may reduce incentives to adopt risk management tools.
The financial leverage variable used in the empirical analysis is the debt-to-asset ratio. In general, higher debts (reflected by higher debtto-asset ratios) are indicative of greater financial risks. Producers with higher financial risk are expected to have more incentive to use risk management instruments and, thus, a positive relationship between debt-to-asset ratio and risk management decisions is anticipated. Note that state dummy variables are also included in the specification as control variables.
Results and Discussion
Descriptive Statistics and Correlation Coefficient Table 1 provides definitions and descriptive statistics for the variables included in the empirical specification of the multivariate probit model. The percentage of producers in the sample using some form of crop insurance is 46%. Producers who utilize forward contracts and are spreading sales comprise 38% and 49% of the sample, respectively. The detailed proportions of producers using different combinations of risk management tools are presented in Table 2 . Note that there is no producer in our sample that used crop insurance by itself. Hence, this category is omitted in our multinomial probit analysis below.
Pairwise correlation coefficients across the three risk management adoption equations are presented in Table 3 . These coefficients measure the correlation between the risk management decisions considered, after the influence of the observed factors has been accounted for (Greene 2003) . These coefficients are essentially the pairwise correlation between the error terms in the system of equations in the multivariate probit model. All of the correlation coefficients are positive and statistically significant at the 1% level. This supports our hypothesis that the error terms in the risk management adoption equations are correlated, and a multivariate probit approach would be appropriate in this case. The perceived interaction between risk management tools (which is unobserved) and its potential effects on the producer's net return distribution is accounted for in the multivariate probit approach.
Moreover, the positive signs of the correlation coefficients suggest that the decision to adopt one particular risk management tool may make it more likely that another tool is adopted. For example, a producer who uses crop insurance may also tend to spread sales (once the observable factors are controlled for), and vice versa (see Sartwelle et al. for a similar result). The positive correlation between crop insurance and spreading sales/forward contracting is consistent with the notion that, in general, these types of instruments are needed to cover both production and price risks. As an alternative explanation, it could be argued that producers who adopt one kind of risk management instrument (say, crop insurance) tend to be highly risk-averse such that, behaviorally, they are also more likely to adopt other risk management tools (say spreading sales and/or forward contracting).
Parameter Estimates: Multivariate Probit Model
The parameter estimates from the multivariate probit and (for comparison) the individual probit models are presented in Table 4 . Based on the multivariate model, the observed factors that tend to significantly affect adoption of crop insurance are the proportion of owned acres, and off-farm income levels. As expected, producers who farm more owned acres do not tend to use crop insurance. Farmers with off-farm income greater than $50,000 also do not tend to use crop insurance. On the other hand, our results do suggest that producers with low levels of off-farm income still tend to use crop insurance as a risk-reducing instrument. The positive and significant parameter estimate on the Iowa state dummy reflects a higher likelihood of adopting crop insurance in this state relative to the omitted state (Indiana).
For the forward contracting adoption equation, the significant variables in the multivariate probit approach are education, total farm size, proportion of acres owned, and off-farm income levels. As with the crop insurance results above, producers with higher proportions of owned acres do not tend to use forward contracting. On the other hand, producers with low levels of off-farm income (between 0 and $5,000) tend to use forward contracting as a risk-reducing instrument. Our results also suggest that older farmers do not use forward contracting, which is consistent with the notion that farmers with more experience tend to not use risk management instruments such as forward contracting. In contrast, farmers with more education and larger farms tend to use forward contracting. This is consistent with the notion that well-educated producers have the human capital to more fully comprehend and utilize the nuances of effectively utilizing risk management tools, especially the more complex ones (Goodwin and Schroeder; Smith and Baquet; Mishra and El-Osta). The positive effect of larger farm size suggests that there may be economies of size and increased managerial efficiencies in the utilization of forward contracting instruments (Sherrick et al.) .
Significant variables in the spreading sales equation are off-farm income levels, education, and age. Farmers with off-farm income greater than $50,000 do not tend to spread sales over time. Younger producers and producers with higher levels of education are more likely to spread sales. The significant parameter estimate on the Iowa state dummy variable suggests that producers in this state are more likely to spread sales than producers in the omitted state (Indiana). The results discussed above are for the parameter estimates from the multivariate probit approach. For comparison, we also report the parameter estimates from an equation-byequation individual probit approach. In general, the signs and significant variables in both approaches are fairly similar (except for the following variables in the spreading sales equation: Off-Farm Income $0-$5,000 and Farm Size). However, note that the multivariate probit approach allows for calculating a ''conditional'' marginal effect (i.e., marginal effects conditional on the adoption of the other risk management tools), while the individual probit models do not allow for this calculation. The next section discusses this issue in more detail.
Marginal Effects: Multivariate Probit Model
The marginal effects for both the multivariate probit and individual probit approaches are presented in Table 5 . The significant variables in Table 4 also have significant marginal effects in Table 5 . In addition, the marginal effect for education in the crop insurance equation, the debt-to-asset ratio, and levels of business risk (as reflected by the perceived probability of getting an insurance payment under the APH plan at 85% coverage level for both corn and soybeans) in all equations are significant as well. Producers with higher perceived probability of getting APH payments on corn (Probability of APH/Corn) are more likely to adopt crop insurance and spread sales. On the other hand, producers with higher levels of business risk associated with soybeans production (higher perceived probability of APH payments for soybeans, Probability of APH/ Soybeans) tend to use forward contracting. Furthermore, the negative signs on the Probability of APH/Corn variable in the forward contracting equation, and Probability of APH/ Soybeans variable in the spread sales equations, suggest that producers with higher levels of business risk in corn do not tend to use forward contracting, while producers with higher levels of business risk in soybeans are less likely to adopt spread sales. is chosen by the producer. Note that combinatin 2 is dropped in the analysis since no producer used this particular combination.
The negative marginal effect for education in the crop insurance equation is consistent with the hypothesis of Shapiro and Brorsen that farmers become less risk-averse as they gain more education, thus decreasing the likelihood of using crop insurance as a risk reducing strategy. In contrast, the education variable is positive and significant in the forward contracting and spreading sales equations. As we mentioned above, these mixed results are consistent with the results from the empirical literature in general. Investigating the reasons for these mixed results may be a fruitful direction for future research.
It is important to reiterate here that the calculated marginal effects for the multivariate probit approach are conditional on the adoption of the other risk management instruments [see Equations (13) and (14) above]. This means that we are measuring the effects of an observed factor on the probability of adoption of one risk management tool given that the other risk management tools are adopted. This is different from the calculated marginal effects for the individual probit approach where each adoption decision is assumed exogenous to the other risk management decision. In general, we find that marginal effects from the multivariate probit approach tend to be lower than the marginal effects from the individual probit approach. This suggests that the effect of an observed factor on the likelihood of adopting a risk management tool tends to be tempered when another risk management tool is already being used. For example, the marginal effect of the proportion of owned acres on crop insurance use is 20.13 for the individual probit while it is 20.08 for the multivariate probit. The magnitude of the effect of owned acres on crop insurance adoption is lower when forward contracting and spreading sales are already being used. Another general observation from Table 5 is that the number of significant variables and the level of significance using the multivariate probit approach are higher compared to the individual probit model approach. Thus, even though the magnitudes of the effects of the observable factors are lower in the multivariate approach, the significance tends to be higher when the marginal effects are calculated conditional on the adoption of the other risk management tools. Also, some marginal effects are insignificant in the individual probit case, but are significant in the multivariate probit approach. For example, marginal effects for debt-to-asset ratio and levels of business risk are significant in the multivariate model approach, while they are insignificant in the individual probit model approach.
Paramater Estimates and Marginal Effects: Multinomial Probit Model
Parameter estimates and marginal effects from the multinomial probit model are presented in Table 6 . As mentioned above, the multinomial probit results provide information/inference that is different from the multivariate probit model because it focuses on factors affecting the combination of risk management tools that a producer chooses. But note that most of the significant variables found in the multivariate probit analysis are also significant in the multinomial probit analysis, which is indicative of the robustness of the results. For example, the proportion of owned acres is significant for combinations that include either crop insurance or forward contracting (e.g., forward contracting only, crop insurance and forward contracting, crop insurance and spreading sales, and the Notes: *, **, and *** represent statistical significance at 10%, 5%, and 1% levels, respectively. Omitted combination is the case where no risk management tool is used.Marginal effects are calculated at the means of explanatory variables.
use of all three risk management tools). Recall that the proportion of owned acres also strongly influences the decision to adopt crop insurance and forward contracting in the multivariate probit analysis above. Other observable covariates in the multinomial probit specification that substantially influence the different combinations of risk management tools chosen are: farm size, age, off-farm income, education, and perceived probability of receiving APH payment (corn). The marginal effects for these variables (evaluated at the mean) also tend to be significant and have modest magnitudes (see Table 6 ).
The results from the analysis of factors affecting the use of all three risk management tools (i.e., combination 8) merits further discussion here since this is the combination most frequently adopted by the producers in our sample (i.e., aside from the ''use no risk management tool considered in this study'' combination). The parameter estimates associated with proportion of owned acres, age, and higher off-farm incomes (Off-Farm Income > $50,000) tend to reduce the probability of simultaneously adopting all three risk management tools considered in this study (crop insurance, forward contracting, and spreading sales). In contrast, having low off-farm income (OffFarm Income $0-$5,000) and larger farm sizes tend to increase the probability of using all three risk management tools (crop insurance, forward contracting, and spreading sales) at the same time. The signs of these significant variables are consistent with the multivariate probit analysis results in the previous section and coincide with a priori expectations. Note, however, that only Age and Off-Farm Income $0-$5,000 have statistically significant marginal effects evaluated at the means.
Concluding Comments
Farmers have a number of options in managing agricultural risks and many of them utilize these risk management tools simultaneously. However, the literature on factors affecting adoption of two or more risk management tools has not analyzed the issue in this context. It is often implicitly assumed that the decision to adopt one risk management tool is independent of the decision to adopt other risk management tools. In this study, we specifically investigate the factors that affect farmers' adoption of crop insurance, forward contracting, and spreading sales, while taking into account the potential for simultaneous adoption and/or correlation among the adoption decisions using multivariate probit and multinomial probit approaches.
Using a multivariate probit approach, we find that risk management adoption decisions are indeed correlated (even after controlling for observable factors). Furthermore, our analysis suggests that the decision to adopt one risk management tool positively influences the decision to adopt the other tools. These results suggest that producers consider how the different risk management tools interact to affect their net return distributions and they consequently take this correlation into account in their decision process. Given the correlation of risk management adoption decisions, it appears more appropriate to investigate factors that affect risk management decisions in a multivariate context rather than estimating each adoption equation individually. Future studies need to take the correlation among adoption decisions into account to provide more accurate parameter estimates and inferences. Although estimated parameters are fairly similar under the multivariate probit estimation and individual probit estimation, there are differences in terms of the magnitude, significance levels, and interpretation of the marginal effects calculation under both procedures.
Our empirical results from the multivariate probit approach point to the importance of the proportion of owned acres, off-farm income levels, education, age, and level of business risks as factors that determine adoption of crop insurance, forward contracting, and spreading sales. Furthermore, we note that the conditional marginal effects of these factors with respect to the likelihood of adopting a particular risk management tool tend to be lower than the marginal effects from the individual equation-by-equation probit model. Again, this emphasizes the importance of accounting for potential correlation among the risk management adoption decisions by using a multivariate approach because an equation-by-equation probit analysis would not be able to capture marginal effects that are conditional on the simultaneous adoption of other risk management tools.
The multinomial probit estimation procedure points to the same variables that the multivariate probit analysis reveals as the ones substantially influencing the risk management tools that producers adopt (i.e., proportion of owned acres, age, off-farm income levels, and farm size). But the multinomial probit provides additional information that the multivariate probit does not provide because the former looks at factors affecting the combination of tools utilized by the farmers in our sample. Hence, using both multivariate and multinomial probit approaches to analyze risk management choices provides richer interpretations, better inferences, and more information that may further enhance understanding of the risk management decisions of producers. Extension educators and other risk management information providers may be able to tailor their programs better, based on the information gleaned from the multivariate and multinomial probit procedures. For example, since older farmers with larger farms tend to use all three tools, risk management educators can tailor a more comprehensive training/outreach program for this target population that covers the fundamentals of all three risk management tools considered in this study. Policy makers can also better anticipate which types of farmers would adopt crop insurance or other government supported risk management tools in the presence of other risk management tools based on the multivariate probit analysis. [Received December 2007; Accepted June 2008.] 
